Proxy-based paleoclimate reconstructions of tropical sea surface temperature (SST) fields may lead to better constraints of tropical climate variability in climate model projections.
Introduction
Paleoclimate reconstructions of tropical sea surface temperature (SST) fields are used to characterize the range of tropical climate variability and may improve our understanding of the role that the tropics play in global climate change. These reconstructions use a variety of proxy records ranging from tree rings and ice cores to corals and marine sediments in both the tropics and extratropics (e.g., Stahle et al. 1998; Evans et al. 2002) . Although some of these proxies measure changes in tropical SSTs more directly by exploiting the relationship between temperature and a geochemical proxy (e.g., δ 18 O in corals), most tropical proxies capture changes in precipitation (e.g., lake sediments, tree rings, speleothems, and ice cores from tropical glaciers), which are only indirectly related to SSTs. In the tropics, changes in precipitation are dynamically linked to SSTs through the El Niño-Southern Oscillation (ENSO) phenomenon (e.g., Wyrtki 1975; Rasmusson and Carpenter 1982) , which represents the leading mode of variability for both precipitation and SST (e.g., Dai and Wigley 2000) . This is evident from principal component analysis (PCA; e.g., Lorenz 1956; Kutzbach 1967 ) of observations and modeled data, which show that the first principal component (PC-1) time series of precipitation is strongly correlated with the NINO3.4 index, a measure of ENSO activity (Figure 1 ). The spatial expression of the leading mode of precipitation exhibits strong loadings in the central tropical Pacific and warm pool regions and is reminiscent of the horseshoe pattern in SST associated with ENSO (e.g., Wallace et al. 1998) .
The strong resemblance between the leading precipitation and SST modes suggests that precipitation proxy records located in major loading regions will have high skill in reconstructing past ENSO conditions. This assumption is the basis for using single paleo-precipitation reconstructions to reconstruct tropical SST variations. Single proxy reconstruction methods use an individual record from corals (e.g., Cole and Fairbanks 1990; Urban et al. 2000; , marine sediments (e.g., Rein et al. 2004 ), tree rings (e.g., Michaelson 1989; D'Arrigo et al. 2005) , lake sediments (e.g., Rodbell et al. 1999; Moy et al. 2002) , ice cores (Thompson et al. 1985; Bradley et al. 2003 ) and speleothems (e.g., Rasbury and Aharon 2006; Partin et al. 2007 ) to reconstruct tropical Pacific SST variability. First, the proxy record is calibrated with SSTs or the NINO 3.4 index over a period when both proxy and instrumental data are available.
If this calibration yields a significant correlation between the proxy and SST, the proxy record is then used as a surrogate of past ENSO activity and hence tropical Pacific SST anomalies.
Despite the apparent strength of this method, large uncertainties in these types of reconstructions exist because of the inability of the proxy to record a specific climate parameter perfectly (microenvironmental effects, for example), and because a local climate signal may poorly represent large-scale climate processes.
Multi-proxy reconstructions reduce the uncertainties associated with single proxy reconstructions by using numerous proxies of various types (e.g., corals, tree rings, and sediments) from different locations, under the assumption that their shared signals represent large-scale climate patterns. Typically, such reconstructions create a climate pattern template by calibrating each proxy record against the instrumental record and use these templates to extrapolate back in time. Examples of methods that use these climate pattern templates are (1) PCA (e.g., Mann et al. 1998 ) and (2) reduced space objective analysis (e.g., Evans et al. 2002) .
Both methods reside in the climate field reconstruction (CFR) family (Mann et al. 2005 ), a group of methods favored for studying low frequency climate variability.
Although the multi-proxy approach is useful in reducing and quantifying the uncertainties of reconstruction of SST fields based on single proxies, there are several sources of error that require careful consideration. One issue is that some proxies are better able to capture tropical SST variations over others. Secondly, different proxies may measure different climate variables (e.g. precipitation versus temperature), making extracting a common climate signal from the multiple proxies difficult. Finally, the inherent assumption of stationarity of the climate statistics that underlies CFR methods may not always be valid (i.e., climate patterns may change with time) and hence the reconstructive skill may be substantially reduced. One example of nonstationary statistics in the tropics is evident in the evolution of ENSO events following the 1976-77 climate shift (e.g., Neelin 1991; Neelin et al. 1994; Trenberth and Hurrell 1994; Zhang et al. 1997; Federov and Philander 2000, 2001; Guilyardi 2006) . To what extent this change in ENSO behavior impacts the overall skill of a tropical SST reconstruction has not been explicitly addressed.
The goal of this study is to quantify the uncertainties in SST reconstructions obtained using multi-proxy records of precipitation by applying both EOF-based and multi-regression techniques to pseudoproxy data over the period 1979-2000. The EOF method yields significant skill only in the eastern tropical Pacific, where it captures most of the ENSO events, although some events have the wrong sign. Alternatively, the multi-regression approach has higher skill that extends throughout the tropical Pacific and Indian Oceans and correctly predicts all ENSO events. We also show that the skill of the multi-regression method is degraded when applied to the 1950-2000 interval due to nonstationarity in the SST-precipitation relationship.
Section 2 describes the data and analysis tools used. Section 3 assesses the sensitivity of the SST reconstructions to the method and the precipitation dataset used to build the climate pattern template. Section 4 addresses the issue of nonstationarity in ENSO statistics over the last 50 years and its impact on the reconstructive skill. Section 5 explores the performance of a realistic paleo-precipitation proxy network, including how the errors in paleo-precipitation records propagate into the resulting SST reconstructions. Conclusions and suggestions for future work are presented in Section 6.
Data and Methods

a. Precipitation and SST Datasets
Precipitation data used in this study originate from three sources. The Climate Prediction Center Merged Analysis of Precipitation (CMAP) dataset, which combines in situ rain gauge measurements and satellite-derived estimates of precipitation (Xie and Arkin 1997) , is one of two observational datasets used. The CMAP data are on a 2.5° x 2.5° horizontal grid globally and extend back to 1979. For this study, we use the "non-enhanced" version of the CMAP dataset (i.e., no assimilated data from numerical model output), though results are similar if the enhanced product is used (not shown). A second observational precipitation dataset used in this study is the European Centre for Medium-Range Weather Forecasts 40-year reanalysis project (ERA-40; e.g., Simmons and Gibson 2000) . These data are interpolated onto a 2.5° by 2.5° horizontal grid globally, and the dataset extends from 1948 to present.
In addition, we use precipitation output from a control run of the International Center for Theoretical Physics (ICTP) atmospheric general circulation model (AGCM) using 8 vertical layers and T30 horizontal resolution (3.75° x 3.75° on a longitude/latitude grid). The physical parameterizations of the model are described in Molteni (2003) , and prior applications of this configuration can be found in Bracco et al. (2006) , Kucharski et al. (2006) , and Kucharski et al. (2007, in press ). The model is forced using prescribed monthly-mean SST anomalies from the National Oceanic and Atmospheric Administration Extended Reconstructed SSTs dataset (NOAA ER SSTs; Smith and Reynolds 2003) . The model run extends from 1950-2000.
To evaluate the reconstruction methods, we restrict the data to only 1979-2000, the common period for all datasets. All fields are annually averaged (January-December) and detrended. Annual-mean anomalies are derived by removing the 1979-2000 mean from the annual means of each year. SST and precipitation data are spatially smoothed using a five-point averaging scheme -the value assigned to each grid point is the average of the values in that grid point and the four adjacent grid points to the north, south, east, and west. This smoothing technique reduces the effects of mesoscale features in the two fields while still retaining the large-scale features that are of interest in this study. SST anomaly reconstructions are performed only from 30°S to 30°N (referred to as the tropics in this paper) and are compared to the NOAA ER SSTs to assess errors in the reconstructions.
When evaluating the effect of non-stationary climate statistics on the skill of the reconstructions, the climate pattern template is constructed using detrended annual-mean precipitation anomalies for each year from the full 51-year model control run along with the corresponding detrended annual-mean SST anomalies from the NOAA ER SSTs.
b. Precipitation Proxy Network
One objective of our study is to assess how well a given proxy network of paleoprecipitation data can reconstruct tropical Indo-Pacific SST anomalies. Figure 2a illustrates the paleo-precipitation proxy network employed in this study (black dots), with the names and types of proxies listed in Table 1 . The proxy network consists of both terrestrial and oceanic proxies scattered throughout the tropics. Several of the proxies lie in areas of high precipitation variance (shaded contours in Fig. 2a ; e.g., those in the tropical Pacific Ocean) while others do not (e.g., those in the far western Indian Ocean, Africa, and off of the Australian coast). We create a pseudoproxy network based on our realistic proxy network by replacing each proxy record with CMAP data from that proxy's location. Because multiple sites reside within certain grid boxes, only 39 of the 45 locales represent unique grid points for the reconstruction.
c. Reconstruction Methods
1) EOF METHOD
The EOF method exploits the close relationship between SSTs and precipitation in the tropics, dominated by coupled ENSO dynamics, to reconstruct SSTs from precipitation. Here, we only use the first EOF (EOF-1) of precipitation and SSTs because the PC-1 time series of global precipitation variability explains nearly 80% of the variability in global SST variability (see Fig. 1 ). Similarly, for precipitation anomalies 
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which allows us to reconstruct tropical SST anomalies using the known leading modes of variability of global SSTs and precipitation anomalies. Note that this method only works for the PC-1 time series of SST because of its high correlation with the PC-1 time series of precipitation.
Higher modes of precipitation and SST are not correlated, and thus this method would not be adequate unless one computes explicitly the leading modes of covariability between SST and precipitation. This is the basis for the multi-regression approach illustrated below.
2) MULTI-REGRESSION METHOD
The other reconstruction method used in this study is based on multi-regression or covariance modeling, a technique that uses least-squares fitting to estimate one variable from another (e.g., Wunsch 2006) . This approach can be viewed as an extension the EOF method in that it accounts for more modes of covariability between SSTs and precipitation, rather than the variability of each climate variable separately.
Considering two variables, the predictand y (SSTs) and the predictor x (precipitation), the linear relationship between these two variables can be written mathematically as where E is a mapping matrix from x onto y, and n is the error associated with linearization. If no known analytical relationship exists between x and y, a statistical relationship can be used for E.
The optimal statistical choice for E is one that minimizes the mean square error (MSE; i.e., 
where C xy is the covariance matrix between x and y. Hence,
is the best estimate for tropical SSTs using precipitation data provided in x. The MSE associated with using (2.7) is then
(2.9) which serves as an estimate of the error in our reconstructed SST anomalies.
Inverting covariance matrices with data from very large or high-resolution grids is computationally expensive. So, we degrade the spatial resolution of the precipitation and SST datasets to every other grid point within the tropics prior to covariance analysis. Before computing E, the covariance matrices are calculated and decomposed into eigenvalues and eigenvectors. For ( ) , we retain only those modes that explain more than 1%
(5%) of the total covariance. This additional step is performed to eliminate statistically insignificant higher-order modes of covariability. The resulting reconstructions have fewer degrees of freedom and retain larger scale features. We also use a simple cross-validation scheme to test for robustness of the covariance statistics that enters E. This is done by calculating E using a subset of the data from 11 of the 22 available years and assessing the reconstructive skill over the entire period of the data. The process is repeated 20 times with different 11-year sets of data. We then take the average error of the 20 reconstructions and verify that it is equivalent to the one estimated by (2.9).
d. Assessing Errors in the SST Reconstructions
Errors in the SST reconstructions are assessed in three ways:
 The root-mean-square (RMS) error: Only positive correlations are considered in significance testing since negative correlations mean that large-scale reconstructed SST patterns are of opposite sign from the observations and are hence not meaningful for our study.
 The reconstructive skill:
(2.11)
The measure determines how well the reconstructed anomalies compare to the observed fluctuation of SSTs. Because the standard deviation of SSTs varies across the tropics, the skill will have strong spatial dependence. Figure For reconstructions using the multi-regression method, the skill can be computed analytically as
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where ! diag nn T ( ) refers to the diagonal elements of (2.9). We also use (2.12) as an estimate for the EOF method, but ! nn T contains only errors from the first covariability mode. In this way, we are able to evaluate the utility of using only the leading modes of variability in both methods.
Evaluation of Reconstruction Methods: 1979-2000 Statistics
a. Reconstructing SST Anomalies from Precipitation Data Using EOF-1
To examine the "best case" scenario for the EOF method, area-averaged precipitation from the four large centers of action in EOF-1 of precipitation are used (as delimited in Fig. 1a , gray boxes). Since these regions represent where the highest ENSO-related variance in precipitation exists, SST anomalies should be closely tied to precipitation in those regions. Ocean (70°W to 10°W, 10°S to 10°N). This averaging would be analogous to "stacking" multiple paleo-precipitation records from the same region together. The estimated skill of the EOF method ( Fig. 3 , right column) is derived by using only the first mode of covariability between SSTs and precipitation, which strongly resembles the individual leading modes of each variable (see Figure 6 ), in the multi-regression method.
Though not explicitly representative of the EOF method per se, this plot shows that using the leading modes of variability of precipitation and SST restricts skill only to the eastern and central Pacific. Note that the estimated skill plots predict maximum skill in the central tropical Pacific, while the EOF method has its highest skill in the far eastern tropical Pacific Ocean.
The spatial correlation coefficients between the reconstructed and observed SST anomalies ( Figure 5 , black curves) have high temporal variability, with occasional negative coefficients; negative values indicate the SST reconstructions for those years capture the wrong sign of large-scale SST anomalies in the tropics. These erroneous reconstructions occur mainly during neutral or weak ENSO years (i.e., when values of NINO3.4 are small). Half (11) of the 22 years have reconstructions with spatial correlations that exceed the 95% significance level.
However, the mean spatial correlation coefficient for any dataset over all 22 years falls well below the 95% significance level.
b. Reconstructing SST Anomalies from Precipitation Data Using the Multi-Regression Model
The RMS error, mean skill, and estimated skill fields for the multi-regression method are shown in Figure 4 . RMS errors ( Fig. 4 , left column) are substantially lower than those associated with the EOF method throughout the tropical oceans, with about a 70% reduction in RMS error in the Pacific cold tongue region. The reconstructive skill ( Fig. 4 When examining the spatial correlation between the reconstructed and observed SST anomalies for the multi-regression method ( Figure 5 , gray curves), we once again see vast improvements over the EOF method. The mean correlations range from 0.73 to 0.75, all of which are statistically significant and higher than their counterparts for the EOF method.
Moreover, reconstructions for every year exhibit positive correlation coefficients, demonstrating that the multi-regression model always captures the correct sign of large-scale tropical ocean features (i.e., ENSO events). Minima in the correlation coefficients coincide with neutral or weak ENSO years, as observed with the EOF method, though their variance is than that observed for the EOF method.
Results for the multi-regression model also hold for two additional variants on the analysis (figures not shown). One analysis uses boreal summer and boreal winter seasonal mean precipitation and SST fields rather than annual-mean fields. Error measures were highly similar, particularly for the boreal summer SST reconstructions presumably because of the strong coupling between tropical SSTs and the Northern Hemisphere Intertropical Convergence Zone.
Furthermore, results are similar when using the ICTP model output from a control run using
Hadley Centre SSTs (HadISSTs; Rayner et al. 2003) as the prescribed SSTs for the model.
These sensitivity analyses support the robustness of this method and also the robustness of the covariability modes with another SST dataset.
c. Examination of Modes of Covariability Between Tropical SSTs and Precipitation
As a way of examining why the multi-regression method outperforms the EOF method, we conduct singular value decomposition (SVD; Bretherton et al. 1992 ) analysis on the covariance matrix of tropical SSTs and tropical precipitation anomalies from 1979-2000 for each precipitation data source. Figure 6 displays the first two left and right singular vectors (LSVs and RSVs, respectively) from the SVD analysis. For this SVD analysis, LSVs represent covariability between the two variables in the SST spatial domain, and RSVs represent the covariability in the precipitation spatial domain. The two leading modes of covariability together explain more than ~95% of the covariance between tropical precipitation and SST anomalies.
LSV-1 displays the canonical ENSO signature, while RSV-1 is indistinguishable from the EOF-1 of global precipitation anomalies ( Fig. 1) . Of more interest, however, is the second mode of covariability, which explains ~15% of the covariance regardless of the precipitation source used.
LSV-2 displays a zonal tripole with alternating positive-negative-positive SST anomalies across the equatorial Pacific. This SST pattern also coincides a similar zonal tripole in precipitation anomalies as depicted by RSV-2 ( Fig. 6 ). Note that even the model captures these patterns, albeit of slightly different spatial scale from the observational datasets. This alternating pattern of SST/precipitation anomalies across the tropical Pacific is very similar to that observed during the 1997-98 ENSO event, for example (e.g., Bell et al. 1999, their Figs. 24 and 26) . This correspondence may suggest that the patterns reflect the precipitation response to eastward propagation of SST anomalies characteristic of the "T-mode"/delayed oscillator mode of ENSO, prevalent after 1980, as opposed to the westward propagation of SSTs observed during the "Smode" of ENSO prior to 1980 (Federov and Philander 2001, 2003) .
The eigenvalue spectrum in Fig 
Nonstationarity and Its Impacts on Reconstructive Skill
The assessments of tropical SST reconstructions presented thus far have been based solely using statistics from the 1979-2000 period. This period of time is relatively short and therefore affects the significance of our results through potential bias, especially considering that the two largest positive ENSO events in recorded observational history occurred during that period (i.e., 1982-83 and 1997-98) . Ocean are in-phase in terms of SST anomalies, similar to that shown in Fig. 6 ; however, for the 1950-1978 period, they are out of phase. In the precipitation domain, RSV-2 ( Fig. 7) shows a more meridional tripole pattern, with positive anomalies along the equator flanked by negative anomalies to the north and south, compared to that from 1979-2000 ( Fig. 6) . Furthermore, the magnitude of the precipitation anomalies in Fig. 7 is lower than in Fig. 6 . These lower amplitudes suggest a weaker linear relationship between SSTs and precipitation for the 1950- The first case (SST reconstructions for 1950-2000 using model precipitation over the whole period) yields poorer performance for the reconstructions than the 1979-2000 case (Fig. 8 vs. Fig. 4 ). RMS errors nearly double in the cold tongue region (0.1 -0.2°C) but larger changes are seen in the skill of the reconstruction (Fig. 8b) . High reconstructive skill is now restricted to the central and eastern tropical Pacific Ocean, and those skill values are 25% lower than their counterparts in Fig. 4 . Larger skill degradation is seen in the Indian Ocean and West Pacific Warm Pool region. The estimated skill field (Fig. 8c ) reflects these changes in skill for the larger sample, though amplitudes are overestimated particularly in the Warm Pool region. Finally, the spatial correlation coefficients (Fig. 8d ) have higher temporal variance than Fig. 5b (gray curve) displays, but the coefficients are still all positive, and the mean correlation coefficient for the 51-
year period (0.66) is above the 95% significance level.
When considering the case of model-derived statistics from 1950-2000 with observational precipitation from 1979-2000, the tropical SST reconstructions are even more degraded in skill than the reconstructions that use only instrumental data from 1979-2000. Note that the estimated skill levels (Fig. 9c ) are identical to those in Fig. 8c since the same joint statistics are used in the multi-regression model. The RMS errors (Fig. 9a ) approach 0.5°C in the central and far eastern tropical Pacific, and the actual mean skill of the reconstructions (Fig. 9b) displays only moderate skill (~0.5) throughout the eastern part of the tropical Pacific Ocean. In fact, the demonstrated skill in this case is almost similar (and even less) than the skill shown using the EOF method for the eastern tropical Pacific (compare Fig. 3 , top row, middle column with Fig. 9b ). Skill decreases by approximately 40% in the tropical Pacific Ocean between Fig.   4 (top row, middle column) and Fig. 9b . Furthermore, little if any skill is demonstrated in the West Pacific Warm Pool region or the Indian Ocean. Finally, the mean spatial correlation coefficients ( Fig. 9d ) are no longer uniformly positive, and the mean correlation coefficient is statistically insignificant (r = 0.55). Only 10 of the 22 years (~45%) have significant spatial correlations between the reconstructed and observed SST anomalies, compared to 86% (19 of the 22 years) in Fig. 5a (gray curve) .
Thus, when the multi-regression method is repeated using joint statistics of precipitation 
Using the Multi-Regression Method with a Realistic Paleo-Precipitation Pseudoproxy
Network
The previous analyses examined the sensitivity of tropical SST reconstructions to both the method employed and the degree of stationarity in the climate statistics. In this section, we reconstruct tropical SST anomalies by applying the multi-regression method to precipitation anomalies from locations corresponding to the pseudoproxy network defined in Table 1 . We also consider the effects of errors in the proxy data on the resulting tropical SST reconstructions.
For brevity, only results using CMAP data are shown; however, findings are similar if precipitation fields from the model control run or ERA-40 are used (not shown). Figure 10 displays the error statistics for tropical SST anomaly reconstructions for the period 1979 -2000 using multi-regression and the precipitation proxy network in Table 1 . The RMS error (Fig. 10a ) and mean skill fields (Fig. 10b ) illustrate that the network is able to capture SST anomalies in the central and eastern tropical Pacific Ocean when compared to the full field reconstructions (Fig. 4, top) . Higher RMS errors and consequently less skill exist for SST anomalies closer to the South American coast, despite having several precipitation proxies nearby. Reconstructive skill in the Indian Ocean, however, is now lost with this pseudoproxy network (Fig. 10b ). The realized mean skill matches well with the analytical estimate ( Fig. 10c ), while the spatial correlation coefficients are all positive with a statistically significant mean correlation of 0.67 (compared to 0.73 in Fig. 5a , gray curve). Overall, our specific pseudoproxy network captures almost 80% of the skill displayed using the full CMAP tropical precipitation field in the tropical Pacific, but only half of the skill in the Indian Ocean basin.
a. SST Reconstructions with the Pseudoproxy Network
b. Error Propagation Analysis
The decrease in reconstructive skill using the pseudoproxy network suggests that the selected proxy network is missing key regions that are important for tropical SST reconstructions. In this section, we explore the importance of the spatial distribution of the proxy network sites and the potential errors associated with the precipitation proxy data.
To investigate the impact of errors in the pseudoproxy network on SST anomaly reconstructions, we make use of (2.8) and include a term on the right-hand side, 1973; Spencer 1993) . Surprisingly, estimates of SST anomalies over the cold tongue region are less accurate when proxy sites in the Western Hemisphere have no error. This finding could be because of the greater number of ENSO-sensitive pseudoproxy sites in the Eastern Hemisphere.
Another interesting possibility is that Eastern Hemisphere proxies capture key dynamical links between the Indian Ocean and the tropical Pacific Ocean, a topic garnering significant attention in tropical climate studies (Barnett 1984; Yu et al. 2002; Kug and Kang 2006) .
Outside of the tropical Pacific cold tongue region, the regions that are most sensitive to errors in proxy precipitation anomalies lie in the northwest and southwest Pacific Ocean. In the Indian Ocean, ! n SST is more dependent on the SNR than on the spatial distribution of SNR values used in this study are one to two orders of magnitude higher than those used in other pseudoproxy studies (e.g., Mann and Rutherford 2002; Mann et al. 2006 ). Mann et al. Therefore, although our SNR values are large compared to other studies, our findings are more focused on the spatial dependence of the SST reconstructive skill, particularly the importance of paleo-precipitation proxies in the Indian Ocean region.
Conclusions
The results presented in this paper offer insight into the feasibility of using two popular methods SST anomaly reconstructions that have been applied over the last millennium. This study uses tropical precipitation anomalies to directly estimate tropical SST anomalies. Since many proxies used in reconstruction efforts do record past precipitation more directly than past SSTs, this approach outlines strategies for taking advantage of such paleo-precipitation records.
Furthermore, as these strategies are based on dynamical links that exist between tropical precipitation and SST anomalies, they provide additional insights into the coupled oceanatmosphere system. We have shown that much of the variance (>80%) of the observed SST anomalies can be reconstructed using the multi-regression method, which significantly outperforms the EOF method in the tropical Pacific and Indian Oceans. The advantage of the multi-regression method lies in the second mode of covariability between SSTs and precipitation, which explains nearly 15% of the covariability between the two variables.
Identifying the dynamics that underlie this mode is therefore critical to accurate tropical SST reconstructions. Indeed, the presence of this mode of covariability in model-based or observational data should be a prerequisite for the pursuit of tropical Pacific SST reconstructions. GCM. These studies would also create a larger sample size for climate statistics that could be used in the multi-regression method to obtain more robust results.
This study also provides some insight on the design of optimal networks of paleoprecipitation records for tropical SST reconstructions. The realistic paleo-precipitation proxy network chosen for this study preserves much of the reconstructive skill achieved when full-field tropical precipitation data are used (Fig. 10b) . Decreased proxy-based skill in the Indian Ocean may reflect the low number of proxies located in the Indian Ocean ( Fig. 2a ) and/or gaps in the network from remote locations where precipitation is sensitive to Indian Ocean SSTs. A similar explanation may apply to decreased reconstructive skill throughout the tropical Pacific Ocean when using the proxy network. Indeed, the error propagation analysis illustrates the importance of proxies in the Indian Ocean and SPCZ region for improved skill in tropical Indo-Pacific SST reconstructions (Fig. 11 ). Previous studies (e.g., Evans et al. 1998; corroborate these findings and highlight the importance of Indian Ocean proxy records for tropical Pacific SST reconstructions. Future modeling studies of coupled dynamics between the Indian and tropical Pacific Oceans would help to identify specific regions in the Indian Ocean for proxy generation.
Precipitation sensitivity studies using adjoint models (e.g., E T for the multi-regression model;
Wunsch 2006) could also prove valuable in designing an optimal paleo-precipitation network.
The complication with this approach is the low variance in the Indian Ocean compared to the tropical Pacific Ocean, which makes it harder to identify SST-related precipitation changes. . Correlation between the PC-1 time series and NINO3.4 index is also indicated. (Right) Regression of the PC-1 time series of global precipitation anomalies onto global annual-mean precipitation anomalies for the three precipitation datasets. Percent variance explained by the leading mode of precipitation variability included in the title of each plot. Gray boxes in CMAP EOF-1 described in the text. 1950-1978 and 1950-2000 . Representation of the two modes shown in SST space (i.e., the left singular vector) and in precipitation space (i.e., the right singular vector). Percent covariance explained by each mode is given in the title of each plot. The mean correlation coefficient for the 51 years is also given. 1952 1956 1960 1964 1968 1972 1976 1980 1984 1988 1992 1996 FIG. 11. The absolute error of the SST reconstructions (°C) using the multi-regression method resulting from assumed errors (np) in CMAP precipitation records in the pseudoproxy network. Red dots show the locations where non-zero np is applied to pseudoproxies, while blue dots indicate perfect pseudoproxies (i.e., np = 0). Each case is also labeled on the left-hand side. Absolute errors also shown as a function of SNR: (left) SNR = 10; (right) SNR = 2.
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